Introduction
Chemistry of solid phase atmospheric hydrometeors (rime and hoarfrost), which do not belong to precipitation category, is a very good index of environmental pollution on the local scale. This is particularly the case during wintertime anticyclonic type of weather when precipitation events of snow or rain tend to be weak or absent, while conditions for hoarfrost and rime formation are favourable. During such times, hoarfrost/rime are the major media for wet pollutant deposition.
Rime is a white or milky and opaque granular deposit of ice formed by the rapid freezing of supercooled water drops as they touch an exposed object. Factors that favor rime formation are small drop size, slow accretion, a high degree of supercooling, and rapid dissipation of latent heat of fusion. Rime occurs when supercooled water drops strike an object at a temperature below freezing and rime is usually formed from supercooled fog of different origin. For orographic fog which forms in windy conditions, the intensity of rime deposition is high [1] .
At the territory of Poland, rime is observed with different frequency in different parts of Poland. In major parts of the country there are 2-10 days per year, but at conspicuous mountain ridges above tree line in the Tatra and the Sudety Mts even 170-180 days with rime is observed annually [2] . Thus, rime at high elevated mountain sites is responsible for large water flux which in case of the Sudety Mts was evaluated as comparable with fog precipitation in liquid form [3] . The real role of rime deposition is related not only to meteorological factors but also to the type of landuse. At some sites like the wind exposed edges of spruce forest stands just below the tree line in the Western Sudetes, the amount of rime can even exceed precipitation [4] .
Rime analysis was based on measurements from respectively 3 sites which represent both lowland (northern: Gdańsk) and mountainous (southern: Lower concentrations in lowland samples, as compared with montane once, are clearly visible for rime. This can be explained by worse pollutant dispersion conditions in southern Poland rather than by emission pattern. Relatively high temperature inversions frequency and less intense atmospheric circulation are observed in this region, moreover existing valley-basin morphology makes air exchange more difficult. The only exception was Cl -anion with similar concentration in northern and southern Poland which indicates that the regions were of maritime and industrial origin respectively. Due to relatively high pollutant concentration and long duration, rime can be at least a significant factor in environmental processes in different ecosystems in Poland and any country.
The objective of this paper is to introduce classical principal component analysis and two robust fuzzy principal component algorithms as useful tools in the characterization and comparison of rime samples collected in different locations in Poland (2004 Poland ( -2007 ).
Fuzzy principal component analysis

Fuzzy principal component analysis-first component (FPCA-1)
Principal component analysis (PCA) is the most popular technique of multivariate data analysis used to eliminate the correlation between the original variables, or to reduce the dimensionality of the data, and for visualization of samples and variables patterns [5, 10] . However, it is well-known that PCA, as with any other (uni)multivariate statistical method, is vulnerable with respect to outliers, missing data, and poor linear correlation between variables due to poorly distributed variables. As a result, it is important to make PCA more robust [11] [12] [13] . In this regard one of the most powerful approaches to improve PCA appears to be the fuzzification of the matrix data, thus diminishing the influence of the outliers [14] [15] [16] [17] [18] [19] [20] [21] .
The fuzzy objective function (1) described in [19] [20] [21] [22] [23] [24] appeared to be one of the best ways for the fuzzification of data matrix. 
AA is the fuzzy partition ( A is the complementary
is the distance from a feature point x j to the linear prototype of cluster A, and α is a real constant from the interval (0,1) and represents the membership degree of the farthest point (the largest outlier) from the first principal component.
The linear prototype of a fuzzy set is denoted by L(u,v), where v is the center of the class and u, with 1 = u , is the main direction. This line is named the first principal component for the set, and its direction is given by the unit eigenvector u associated with the largest eigenvalue λ max of, for example, the covariance matrix given in relation (2), which is a slight generalization for fuzzy sets of the classical covariance matrix:
This algorithm was called Fuzzy Principal Component
Fuzzy principal component analysisorthogonal (FPCA-o)
The Fuzzy PCA algorithm discussed above fuzzifies only the first component. In order to get a most effective robust method, we have to extend the fuzzification to all the components. In this order, a new algorithm was designed, namely Fuzzy principal component analysis-orthogonal, by projecting the data in smallersized spaces. The first fuzzy principal component is computed with the FPCA-1 algorithm, i.e., by finding the optimal fuzzy membership degrees and the optimal linear prototype for the data set. In the next step, all data is projected to the hyperplane rectangular on it.
The eigenvectors corresponding to the projected data will be orthogonal to the eigenvector determined at the first step. As such, the second largest eigenvector of the original data will correspond to the largest eigenvector of the projected data. The projection continues further on and finally, the eigenvectors are rebuilt in the original space. Practically, the computation of the other fuzzy components is reduced to the computation of the first fuzzy component of a smaller-sized matrix. For a complete description of this robust PCA algorithm, two recent successful applications might be helpful [23, 24] .
Experimental Procedures
Rime samples were collected using a passive dry deposition collector consisting of a duralumin rod of 400 mm length and 30 mm diameter, placed 2 m above ground. Samples were transferred to polypropylene containers (50 cm 3 ) using a PTFE scraper. The samplers were cleaned every day before exposure, rinsed with de-ionized water and wiped dry.
Rime samples were collected in Gdańsk and Zakopane (2004) and Szrenica (2005 Szrenica ( -2007 . Table 1 summarizes the general characteristics of the sampling sites. Samples were collected during or immediately after a deposition event.
They were stored at low temperature without chemical preservatives because the analysis was performed either directly on-site or immediately after the samples were delivered to the laboratory. Due to the high contents of solid particles (sand, dust, etc.) in the samples, inclusion of a filtration stage was necessary in some analyses (0.45 µm, Millex ® -HV). Once collected, the samples were analyzed immediately for pH, volume and conductivity. Selected anions and cations were determined using ion suppressed chromatography (Dionex Corporation, USA) and quantified against synthetic rain standards: Reference Material No. 409 (BCR-409, Institute for Reference Materials and Measurements, Belgium) and Analytical Reference Material Rain-97 (National Water Research Institute, Environment Canada). Formaldehyde was determined spectrophotometrically (Merck, Germany) based on the reaction with chromotropic acid; in a solution acidified with sulphuric acid, formaldehyde reacted with chromotropic acid to form a violet dye that was measured. The analytical techniques used in this study are summarized in Table 2 .
Results and Discussion
The efficiency of the two fuzzy PCA algorithms is illustrated on data set related to the rime samples by comparing with classical PCA with the aim of characterizing and clarifying the patterns of analytes and rime samples collected in Poland during the studied period (2005) (2006) (2007) • close to ski-jumping area;
• residential area with low-raise buildings on the • outskirts; 28 000 citizens.
• urban agglomeration;
• transportation routes;
• low emission (close to the measure point) from build- (Table 3  and Table 4 ) and also the Box and whisker plot shown in Fig. 1 confirm that the considered characteristics of rime samples are more or less related to each other and so could be reduced; the presence of outliers and extremes is also well illustrated. Table 5 lists the eigenvalues of the correlation matrix, ordered from largest to smallest and shows also the proportion and cumulative proportion for each component. Considering for example a three component model, FPCA-1 accounts for 62.37% of the total variance and FPCA-o 90.11%; PCA accounts only for 58.30%. The first two principal components explain 51.41% of the total variance in the case of FPCA-1 and 79.59% in the case of FPCA-o as compared to only 47.55% for PCA. These results are shown by the screeplot presented in Fig. 2 . As a direct consequence of these findings, PCA showed only a partial differentiation of rime samples onto the plane or the space described by different combination of two or three principal components, whereas a much sharper differentiation of the samples, from their origin and location point of view, is observed when FPCAs are applied (Fig. 3) . The rime winter samples, for example, appeared more homogeneous than the spring samples and samples collected in December are more compact and better separated.
A significant difference between PCA and FPCAs was also observed with respect to the contribution of the initial ion concentrations to the variance of the four principal components as is shown in Table 6 and The highest contribution to the second component is obtained in all three cases by F -and the contribution of Ca 2+ , Mg 2+ to the third and fourth component is more or less similar in the case of FPCAs and different in case of PCA. Additionally, the grouping of variables in Fig. 4b and 4c illustrates in a better way the results in Table 2 and 3 and the pattern depicted in Fig. 2 .
Conclusions
Two fuzzy principal component analysis methods for robust estimation of principal components have been successfully applied in this paper. The efficiency of both fuzzy algorithms was illustrated on a data set of the rime samples collected in Poland (2004 Poland ( -2007 . The results obtained indicated only a partial differentiation of samples onto the plane or the space described by different combination of two or three principal components. On the other hand, a much sharper differentiation of the samples, in terms of their location and season, is observed when FPCAs are applied. The rime winter samples, for example, appeared more homogeneous than the spring samples and the most compact clusters are formed by the samples collected in December for all locations. The concentration of the studied ions as well as pH and conductivity provided sufficient information to enable a significant differentiation of rime samples with respect to their origin and location. The FPCA algorithms achieved better results mainly because they are more compressible than classical PCA. These facts (greater accounting for total variance and sharper delineation of principal components) should enable the application of fuzzy principal components analysis methodology to other database "mining" efforts as well as enlarge application in other fields of interest with a special focusing in environmetrics. In this way, many discrepancies observed in the results reported in literature might be explained.
